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Abstract: Vision-language models represent an emerging
paradigm that leverages natural language to train vision sys-
tems with broad capabilities. Recently, the use of surgical lec-
ture videos has emerged as a promising method for developing
models capable of understanding surgical scenes. In this work,
we aim to translate these developments to the domain of car-
diac surgery, which is marked by heterogeneity and complex-
ity of surgical cases. To this end, we curate a dataset of car-
diac surgery lecture videos and augment the training dataset
by using a Large Language Model (LLM) to extract procedu-
ral steps for each surgery. Preliminary results suggest that this
form of data augmentation can enhance model performance on
text-based video retrieval tasks.

Keywords: Vision-Language Models, Vision-Language Pre-
training, Surgical Computer Vision

1 Introduction

Vision-language models offer promising new opportunities for
the surgical domain by enabling the joint analysis of text
and images, while supporting a wide range of downstream
tasks. CLIP (Contrastive Language-Image Pretraining) [1] in-
troduced a novel approach of leveraging natural language as
supervision for training vision models. SurgVLP [2] repre-
sents one of the first efforts to train a vision-language model
on laparoscopic lecture videos within the surgical domain. The
authors demonstrate that the model can perform key surgical
computer vision tasks (e.g., surgical phase recognition) with-
out being explicitly trained for these tasks. Since then, sev-
eral follow-up works have been published [3], however, their
applicability to the domain of cardiac surgery remains unex-
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plored. Cardiac surgery is a highly specialized and complex
field of medicine, driven by precision and continuous innova-
tion, which is communicated to peers through surgical lecture
videos. In this work, we explore the potential of translating re-
cent advancements in vision-language models to the domain of
cardiac surgery. The developed model is applied to the impor-
tant task of text-based video retrieval, enabling efficient search
of relevant content in large unlabeled surgical video databases
and potentially enhancing their educational utility.

2 Methods

2.1 Data collection and preprocessing

For the training of the vision-language model, a carefully cu-
rated set of 229 cardiothoracic video lectures, has been ini-
tially collected from two widely-recognized journals and pub-
lic surgical educational resources in the cardio-thoracic do-
main — Annals of Cardiothoracic Surgery [4] and The Mul-
timedia Manual of Cardio-Thoracic Surgery [5]. The collected
set of videos predominantly comprises heart valve and aorta
procedures and covers a broad spectrum of pathologies and
surgical techniques.

To leverage the expert surgeon narration of the surgical
lecture videos, we transcribe each video using an open-source
automatic speech recognition model WhisperX (medium.en)
[6]. However, due to the complex medical terminology and
domain-specific abbreviations, the transcription model is sus-
ceptible to misspellings of complex medical terms, omissions,
or hallucinations. To enhance the overall quality of audio tran-
scriptions, a set of additional post-processing steps is applied.
As such, we eliminate sentences consisting of less than 8
words or span less than 3 seconds, and also excessively long
sentences. Furthermore, we manually inspect the transcribed
sentences and remove sentences that are not related to a surgi-
cal scene, resulting in 8142 narration sentences in total.

There is growing evidence that Large Language Models
(LLMs) can be used to enhance textual training data for vision-
language tasks [7]. Motivated by the success of these meth-
ods, we aim to apply an LLM to enhance textual training data,
which currently provides a relatively weak supervision signal
due to transcription errors and lack of contextual information.
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Fig. 1: Overview of the coarse-grained training procedure, adapted from HierVL [11] and PeskaVLP [3]. During coarse-grained train-
ing, representations of short-term video clips and narration sentences are averaged and contrasted with the LLM-extracted procedural
step. Note that for video clips, we first average frame embeddings within each clip to compute clip-level representations, which are then

averaged to produce a coarse video-level representation.

To alleviate these challenges, we propose using GPT-4.1 to
extract surgical procedural steps directly from the raw audio
transcription text, leveraging the model’s strong summariza-
tion capabilities and domain knowledge. The motivation for
extracting surgical procedural steps from the complete audio
transcription of each surgical video lies in the complexity of
cardiac surgery procedures, which are characterized by highly
patient-specific treatments. Here, we use the following prompt
shown in Figure 2 in conjunction with the corresponding au-
dio transcript, resulting in 3345 procedural steps in total. In
the next step, we determine the start and end timestamps of
the generated procedural steps by aligning them with tran-
scription sentences using a sentence transformer model (all-
mpnet-base-v2) [8]. More specifically, we calculate the cosine
similarity between each procedural step and the transcription
sentences, and apply a threshold to identify matching samples,
analogous to Li et al. [7].

You will receive an audio transcript of a surgical educational
video. Your task is to provide a concise summary of each indi-
vidual step of the surgery, listed in chronological order. For each
step, include specific actions performed by the surgeon, a descrip-
tion of the surgical scene (including relevant anatomy, tissues, and
organs), as well as the instruments used and techniques applied.
Present the information in a manner that an expert surgeon might
use to explain their actions to surgical residents during the pro-
cedure. The output should consist of the step number followed
by the corresponding description. Each step should be clear, self-
contained, and understandable on its own. Please use the present

tense. Below is the transcript of the surgical video:

Fig. 2: LLM prompt used for the extraction of procedural steps
from raw audio transcripts of cardiac surgery lecture videos.
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2.2 Network architecture

The network architecture follows a dual encoder approach,
analogous to the CLIP [1] architecture, consisting of an image
encoder and a text encoder. To leverage the rich representa-
tions of large-scale pretrained models, we adopt EndoViT [9]
as image encoder f, and BioClinical BERT [10] as the text en-
coder f:. Both encoders are extended with a single linear layer
which project the vectors into a common embedding space.

2.3 Training objective

During model training, we adopt a hierarchical approach, fol-
lowing HierVL [11] and PeskaVLP [3], which incorporates
two training objectives. The first objective focuses on align-
ing narrations sentences with their corresponding short video
clips. Here, we sample individual narration sentences along
with their temporally aligned short video clips, consisting of
5 video frames sampled at 1 fps. The sentence—clip pairs are
then passed through the respective encoders. Since EndoViT
is an image encoder, each individual frame is passed through
EndoViT, and the resulting [C' LS| embeddings from the final
layer are averaged to obtain a representation of the video clip.
Subsequently, the resulting [C'LS] embeddings from the final
layers are passed through separate linear layers to project the
vectors into a shared embedding space. We use the symmetric
loss formulation from CLIP [1] for fine-grained training.

In addition to sentence—clip training, we adopt a coarse
training objective where we sample 3 short-term representa-
tions of video clips as well as narration sentences, and are
average them to form coarse-grained representations. These



Tab. 1: Text-to-video retrieval results on 535 video-text pairs from the test set. The column

video™ indicates whether the model has

been trained using frames or video-clips. R@K denotes Recall@K metric.

Model Domain Video Training data R@1 (%)t BR@5(%)T R@10(%)1T Meanrank]| Median rank |
CLIP [1] General - 2.24 4.30 6.36 211.75 192
BiomedCLIP [12] Medical - 1.31 5.05 9.53 164.99 135

Our Surgical Transcriptions 4.86 10.84 17.38 133.93 92

Our Surgical v Transcriptions 5.79 11.78 16.45 132.83 84

Our Surgical v Transcriptions + Steps  6.17 13.27 20.56 110.81 61

coarse representations are then contrasted with the procedural
steps. A diagram of the coarse objective is shown in Figure 1.
We train the model with video—narration pairs for two consec-
utive epochs, then switch to the coarse training objective for
one epoch, repeating this cycle throughout the training. Sim-
ilarly, we use the symmetric loss formulation from the CLIP
approach [1] for coarse training.

The model is trained for 100 epochs using AdamW opti-
mizer with a learning rate of le-4, weight decay of le-2, and
a warm-up of 1000 steps. The batch size is set to 120 for fine-
grained training and 50 for coarse-grained training. A set of
image augmentations is applied during training, including ro-
tation, color jitter, and horizontal and vertical flips.

2.4 Experiments

In order to assess the quality of learned representations, we di-
rectly apply the trained model to the text-based video retrieval
task, addressing the use case of retrieving relevant video clips
from large unlabeled surgical video databases. Here, we use a
separate set of video lectures as a test set. Since individual sen-
tences may lack sufficient contextual information for retrieval
task, we concatenate consecutive narration sentences to form
short descriptions spanning up to 20 seconds, resulting in 535
video-narration pairs.

In order to apply the pretrained model to the text-based
video retrieval task, we pre-compute embeddings of all video
clips and text descriptions in the test set. Next, we calculate
the cosine similarity between each video clip and text pair,
and rank them accordingly. We report the results of text-based
video retrieval in Table 1 using common retrieval metrics, i.e.,
Recall@1, Recall@5, Recall@10, as well as mean and median
rank. The Recall@K metric denotes the percentage of video
clips that have been ranked within the top K results (the higher
the better). Additionally, we report the mean and median rank
of the relevant video clips (the lower the better).

3 Results and discussion

We evaluate the performance of the model across different
training datasets. As shown in Table 1, hierarchical training
on both transcription sentences and procedural steps yields the
most optimal performance, in comparison to the training on
the narration data. These results suggest that hierarchical train-
ing yields greater supervisory signal. This corresponds with
findings from studies in other domains [3, 7].

We attribute this to the fact that the LLM-generated steps
provide more contextualized and higher-quality descriptions
than raw narration sentences and the hierarchical training al-
lows the model to capture the broader context of narration
sentence. Figure 3 presents qualitative examples of text-based
video clip retrieval.

In addition, we evaluate the performance of current state-
of-the-art models, i.e., CLIP [1] and BiomedCLIP [12], how-
ever, these models were not explicitly developed for the surgi-
cal domain and therefore should not be directly compared to
our model.

The evaluation setup presented here also has certain lim-
itations. Evaluation on diverse and higher-quality datasets are
necessary to ensure a more objective assessment of perfor-
mance. Furthermore, the generalization of the learned repre-
sentations to surgical vision tasks, such as phase recognition
and instrument recognition is deferred to future work.

4 Conclusion

In this work, we presented a preliminary study on the train-
ing of a vision-language model on openly available cardiac
surgery lecture videos. These preliminary results indicate that
augmenting the training data by deriving procedural steps for
each surgical case using LLMs can increase the model’s per-
formance of the model on text-based video retrieval task. In
future work, such models could be developed and applied to
intraoperative video data, solving several concurrent surgical
data science tasks.
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Fig. 3: Qualitative examples of the text-video retrieval capabilities of the model on a private mitral valve repair dataset collected at the
University Hospital Heidelberg, comprising 7550 five-second long video clips. The top-5 retrieved samples are highlighted in green or

red, indicating whether we consider them correct or incorrect.
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